Abstract: Aridity index (AI), defined as the ratio of annual potential evapotranspiration to annual precipitation, has been widely applied in dividing climate regimes and monitoring drought events. Investigating variation of AI and the role of climate variables are thus of great significant for managing agricultural water resource and maintaining regional ecosystem stability. In this study, with the well-corrected precipitation records and the optimized parameters in estimating solar radiation, we investigated the variation of AI and its climatic attribution in the Southwest China using the observed climate records from 135 meteorological stations during the period of 1993-2015. The results showed that the AI increased significantly (0.0053 year −1 , p < 0.05) from 1993 to 2015 and abruptly increasing occurred around 2002. Approximately 85% of stations showed an increasing trend, while 24% of stations reached up to a significant increasing level, which demonstrated that the Southwest China was getting drier for the recent 20 years. Overall, the AI was most sensitive to maximum air temperature and precipitation with values of 1.11 and −1.00, respectively. The following factors are vapor pressure, solar radiation, minimum temperature, and wind speed. The declining precipitation and ascending maximum air temperature were the key variables in dominating the increase in aridity index during the period of 1993-2015, which contribute 38.98% and 36.26% of AI variation, respectively. Our results highlighted the influence of climate variability on aridity in the Southwest China.
Introduction
Associated with the exacerbation of climate change [1] , extreme climate events such as drought [2] , extreme precipitation [3] , and flooding [4] are increasing at different levels at both global and regional scales [5, 6] . Drought, considered as one of the damaging extreme climate events, happened frequently and intensively in recent years [7] , which brought more economic and population losses than other climatic disasters [8, 9] . In China, high-frequency severe drought of is one of the most devastating natural disasters due to the combined effects of monsoon climates and complicated geographic landscape. The socioeconomic losses caused by severe drought increased significantly during the past 50 years in China [10] . In each year, approximately 250 million people were affected by drought, and 2.5-3.3 billion dollars were lost accordingly. For example, severe droughts in Southwest China
Study Area and Data

Study Area
The study area (97.36 • E-112.06 • E, 21.14 • N- 34.32 • N) is located in the southwest of China, including Sichuang, Chongqing, Guizhou, Yunnan, and Guangxi provinces (Figure 1 ). It covers a total area of 1.37 × 10 6 km 2 and accounts for 14.3% of the total land area of China. The elevation shows a large variation from southern Guangxi to northwestern Sichuan with an elevation of 6511 m. As one of the most densely populated area, it has about 1/6 of the total population of China. Most of Southwest China experiences humid climates with annual mean precipitation of 1261 mm and potential evapotranspiration of 913 mm. The seasonal distribution of precipitation is uneven, with about 76% of precipitation occuring in the period of May to September. The major crops are maize and rice, and the cropping patterns are double-cropping systems drawing irrigation water from higher locations [31] .
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Data
Daily climate data (including daily maximum, minimum and mean, air temperature (Tmax, Tmin, Ta) at 2 m height, wind speed measured at 10 m height, vapor pressure at 2 m height, and sunshine duration [18, 32] ) from 135 national meteorological stations (shown in Figure 1 ) during the period 1993-2015 were obtained from the National Climate Center of China Meteorological Administration. The wind speed was adjusted to 2 m height (U2) using the wind profile relationship [18] . The precipitation is considered as the key variable in calculating aridity index. Precipitation biases caused by wetting loss and wind-induced undercatch [33] [34] [35] could bring great uncertainties in evaluating the availability of water resource [36] . The wetting loss resulted from precipitation being retained or stuck on the sides of the gauge, which cannot be poured out and measured in the precipitation observation. The wind-induced undercatch of precipitation is caused by the deformation of wind field above the gauge orifice [37] . It is therefore necessary to correct the bias of gauge-measured precipitation first before conducting any climate change and hydrological studies. The following formula was adopted to correct the bias [35] : 
Daily climate data (including daily maximum, minimum and mean, air temperature (T max , T min , T a ) at 2 m height, wind speed measured at 10 m height, vapor pressure at 2 m height, and sunshine duration [18, 32] ) from 135 national meteorological stations (shown in Figure 1 ) during the period 1993-2015 were obtained from the National Climate Center of China Meteorological Administration. The wind speed was adjusted to 2 m height (U 2 ) using the wind profile relationship [18] . The precipitation is considered as the key variable in calculating aridity index. Precipitation biases caused by wetting loss and wind-induced undercatch [33] [34] [35] could bring great uncertainties in evaluating the availability of water resource [36] . The wetting loss resulted from precipitation being retained or stuck on the sides of the gauge, which cannot be poured out and measured in the precipitation observation. The wind-induced undercatch of precipitation is caused by the deformation of wind field above the gauge orifice [37] . It is therefore necessary to correct the bias of gauge-measured precipitation first before conducting any climate change and hydrological studies. The following formula was adopted to correct the bias [35] :
where P c is the corrected precipitation according to different precipitation types (snow, rain, and mixed precipitation), P g is the daily precipitation measured from the gauge records, ∆P w is the wetting loss, and CR is the catch ratio that defined as the ratio of gauge measured precipitation to the true precipitation. The closer the value of CR to unity means the more true precipitation caught by the gauge instruments. Figure 2a shows the annual catch ratio values for the 135 meteorological stations, ranging from 0.88 to 0.97, with the average of 0.94. It indicates that the gauge records undercaught precipitation by 3% to 12% for the 135 stations. The difference between annual variation of precipitation for gauge and corrected records (Figure 2b ) demonstrated that it is of great necessity to correct the precipitation record obtained from meteorological stations before calculating aridity index.
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Methods
Calculation of Aridity Index
The aridity index is defined as the ratio of potential evapotranspiration to precipitation as follows:
where ET0 is the annual potential evapotranspiration (mm) and Pre is the annual precipitation (mm). The ET0 can be estimated by Penman-Monteith method [18] as follows:
where Rn is the net radiation at the canopy surface (MJ m −2 d −1 ), G is the soil heat flux density (MJ m −2 d −1 ) calculated by the difference of the mean daily air temperature between two continuous days, Ta is the mean daily air temperature at 2 m height (°C), U2 is the wind speed at 2 m height (ms −1 ), and es and ea are the saturation and actual vapor pressure (kPa), respectively. ∆ is the slope of saturated vapor pressure in relation to air temperature (kPa·°C −1 ), and γ is the psychrometric 
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where ET 0 is the annual potential evapotranspiration (mm) and Pre is the annual precipitation (mm). The ET 0 can be estimated by Penman-Monteith method [18] as follows:
where R n is the net radiation at the canopy surface (MJ m −2 d −1 ), G is the soil heat flux density (MJ m −2 d −1 ) calculated by the difference of the mean daily air temperature between two continuous days, T a is the mean daily air temperature at 2 m height ( • C), U 2 is the wind speed at 2 m height (ms −1 ), and es and ea are the saturation and actual vapor pressure (kPa), respectively. ∆ is the slope of saturated vapor pressure in relation to air temperature (kPa· • C −1 ), and γ is the psychrometric constant (kPa· • C −1 ). R n can be estimated by the difference between the net shortwave radiation (R ns ) and the net long-wave radiation (R nl ).
where α is the albedo of reference grassland (α = 0.23), R s is the incoming solar radiation (MJ m −2 d −1 ), n is the actual duration of sunshine (hours), and N is the maximum possible duration of sunshine or daylight hours (h) (n/N is the relative sunshine duration). The coefficients of a s and b s , recommended by FAO (a s = 0.25, b s = 0.50), are not used in our study. Instead, the two parameters were estimated by an optimized method using the data from solar radiation stations [27, 38] . As shown in Figure 3 , the a s and b s have significant differences in terms of their spatial distribution. For example, the a s varies from 0.13 to 0.21, gradually increasing from the eastern to the western part. The b s has a range of 0.53 to 0.69, the higher value found in the northern region and the smaller in the southern region of Southwest China, which indicates that it is necessary to use the optimized values instead of fixed values. The precision of ET 0 estimation can thus be greatly improved by the optimized global radiation model.
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The bs has a range of 0.53 to 0.69, the higher value found in the northern region and the smaller in the southern region of Southwest China, which indicates that it is necessary to use the optimized values instead of fixed values. The precision of ET0 estimation can thus be greatly improved by the optimized global radiation model. 
Attribution Analysis
The sensitivity coefficient, defined as the ratio of the change rate of dependent variable to the change rate of some independent variables, was used in this study [39] . The sensitivity of AI to climate variables can be calculated by the following formula:
where x is certain climate variable and S(x) is the sensitivity coefficient of AI to x variable. If S(x) is positive, it indicates that the AI will increase with the ascending x. Similarly, if S(x) is negative, AI will decrease according with increasing x. The change in AI can be approximately attributed to several climatic variables as follows: 
where x is certain climate variable and S(x) is the sensitivity coefficient of AI to x variable. If S(x) is positive, it indicates that the AI will increase with the ascending x. Similarly, if S(x) is negative, AI will decrease according with increasing x. The change in AI can be approximately attributed to several climatic variables as follows:
or simplified as:
where L_AI is the linear trend in aridity index. Cr(Pre), Cr(T max ), Cr(T min ), Cr(R s ), Cr(U 2 ), and Cr(ea) are the contributions to the trend of AI result from the change in Pre, T max , T min , R s , U 2 , and ea, respectively. The total contribution of six variables is simplified as C_AI. ε is the error between C_AI and L_AI.
The differential items for each variable are listed in Table 1 . Table 1 . Partial derivative formulas of aridity index to the climate variables.
Differential Items Formula
∂AI ∂Pre
The relative contribution of each climate variable (Cr(x i )) to the trend in AI (RC(x i )) can be calculated by:
where RC(x i ) is the relative contribution of climate variable x i to the trend of AI. Additionally, the total contribution of T max , T min , R s , ea, and U 2 to AI trend can be considered as the corresponding contribution of ET 0 .
Statistical Analysis
The Mann-Kendall statistical test is a commonly used approach in detecting the trend in hydro-meteorological variables due to its robustness for non-normally distributed data [25, 27, 29, [40] [41] [42] [43] . It presumes a steady time series (x 1 , x 2 . . . x n ), and the rank statistic (d k ) can be calculated as the summation of m i , which is the count of later terms (x i+1 , x i+1 . . . x n ) in the series whose values exceed x i [28] . A positive Mann-Kendal statistic Z larger than 1.96 indicates a significant increasing trend, while a negative Z lower than −1.96 indicates a significant decreasing trend. Critical Z values of ±1.64 and ±2.58 are used for the probabilities of p = 0.1 and 0.01, respectively [43, 44] . The trend of AI and climate variables from 1993 to 2015 is determined by linear regression, while the Mann-Kendall test is used to test whether the trend of the regression line is significant. Spatial interpolation with the Kriging method and zonal statistical method in the ArcGIS 10.2 spatial analysis toolbox was used to obtain the spatial distribution of parameters (a s , b s ) and significance level of AI. (Table 2) , which indicates that the climate in Southwest China tends to be drier in recent years. However, with the increase of precipitation from 2014 to 2015, the drought has, to some extent, been mitigated. Figure 4b shows the spatial distribution of aridity index trend for 135 stations derived from the 23-year mean values. Generally, the aridity index trend displays a gradient increase from northeast to southwest with greater spatial differences, especially significant in Yunnan Province (Figures 1 and 4b) For the whole period, the aridity index increases significantly (p < 0.05) at a rate of 0.0053 year −1 ( Table 2) , which indicates that the climate in Southwest China tends to be drier in recent years. However, with the increase of precipitation from 2014 to 2015, the drought has, to some extent, been mitigated. Figure 4b shows the spatial distribution of aridity index trend for 135 stations derived from the 23-year mean values. Generally, the aridity index trend displays a gradient increase from northeast to southwest with greater spatial differences, especially significant in Yunnan Province (Figures 1 and 4b 
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Variation of AI
Results
Variation of AI
Sensitivity of AI to Climate Variables
The differential equation (Equation (7) 
The differential equation (Equation (7) and Table 1 ) is employed to calculate the partial derivative and the sensitivity coefficient of AI to climate variables in Southwest China. The annual mean partial derivatives of AI to Pre, T max , T min , ea, U 2 , and R s are −0.0007, 0.0416, 0.0129, −0.2769, 0.0656, and 0.0211, respectively ( indicate that AI could decrease with the increase of Pre and ea, but increase with the increase of T max , T min , U 2 , and R s . The mean annual sensitivity coefficients of AI to Pre, T max , T min , ea, U 2 , and R s are −1.00, 1.11, 0.19, −0.56, 0.10, and 0.33, respectively. It is indicated that a 10% increase in T max , T min , U 2 , and R s could lead to a 11.1%, 1.9%, 1.0%, and 3.3% increase in AI, while a 10% increase in Pre and ea could decrease AI by 10% and 5.6%. For recent 20+ years, the AI in Southwest China is most sensitive to change in T max , followed by Pre, ea, R s , T min , and U 2 . 
Attribution of the Variation in Aridity Index
The contributions of climate variables to the change in AI are estimated based on Equations (7) and (8) . The calculated annual AI trend (C_AI) overall fitted well (R 2 = 0.97) with that detected by linear regression (L_AI) for the 135 stations during 1993-2015 ( Figure 5 ). For the whole region, the error between C_AI and L_AI is 0.0002 with a relative error of −6.12%, which confirms that the method proposed in this study is effective within the acceptable systemic error in the differential process.
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The contributions of climate variables to the change in AI are estimated based on Equations (7) and (8) . The calculated annual AI trend (C_AI) overall fitted well (R 2 = 0.97) with that detected by linear regression (L_AI) for the 135 stations during 1993-2015 ( Figure 5 ). For the whole region, the error between C_AI and L_AI is 0.0002 with a relative error of −6.12%, which confirms that the method proposed in this study is effective within the acceptable systemic error in the differential process. The change in Tmax, Tmin, ea, U2, and Rs lead to the changes in AI by 0.0019, 0.0004, 0.0001, 0.0003, and 0.0003 year −1 , respectively. The combined effect of the five climate variables results in an increase in AI by 0.0030 year −1 , which could be considered as the similar effect of ET0 change to AI, with a consideration relative error of 3.4%. The contribution of Pre to AI trend is 0.0021 year −1 , and the six factors combined contribution on AI trend is 0.0051 year −1 . The relative contribution of Pre, Tmax, Tmin, ea, U2, and Rs to the trend in AI are 38.98%, 36.26%, 8.49%, 2.27%, 4.83%, and 5.10%, respectively. The decrease in Pre dominates the increase in AI, followed by Tmax. However, if combined the Tmax and Tmin as annual average temperature (Ta), it would have larger contribution than Pre.
Generally, the climate condition for a special region is dominated by both energy balance and water balance [45] [46] [47] . In the humid regions, the climate is controlled by energy, namely energy The change in T max , T min , ea, U 2 , and R s lead to the changes in AI by 0.0019, 0.0004, 0.0001, 0.0003, and 0.0003 year −1 , respectively. The combined effect of the five climate variables results in an increase in AI by 0.0030 year −1 , which could be considered as the similar effect of ET 0 change to AI, with a consideration relative error of 3.4%. The contribution of Pre to AI trend is 0.0021 year −1 , and the six factors combined contribution on AI trend is 0.0051 year −1 . The relative contribution of Pre, T max , T min , ea, U 2 , and R s to the trend in AI are 38.98%, 36.26%, 8.49%, 2.27%, 4.83%, and 5.10%, respectively.
The decrease in Pre dominates the increase in AI, followed by T max . However, if combined the T max and T min as annual average temperature (T a ), it would have larger contribution than Pre.
Generally, the climate condition for a special region is dominated by both energy balance and water balance [45] [46] [47] . In the humid regions, the climate is controlled by energy, namely energy limitation, and can be reflected by ET 0 [48] , while it is controlled by water limitation in the arid regions. In Southwest China, the annual precipitation is larger than ET 0 , with annual AI smaller than unity (Figure 4a ), which indicates that it belonged to energy limitation. Therefore, it is reasonable that the contribution of ET 0 to the change in AI is larger than that of Pre (Table 2) . A similar conclusion is found in the arid region of the Northwest China: the increasing Pre contributed 91.7% of the decrease in the AI [22] . The increased air temperature and decreased precipitation are the key factors that dominated the variation of AI in this region. The trend of AI in 85 out of 135 stations (63%) is dominated by Pre while that in 50 out of 135 stations is dominated by T max .
Discussion
Uncertainties
Although the quality controls, including correction to the precipitation and optimized parameters for evaluating ET 0 , were carried out, uncertainties existed in this paper. First, when calculating the contribution of each climate variable to the change in AI, this analysis was based on the assumption that the six climate variables were independent in partial differential Equations (6) and (7). However, they actually interacted with each other. For example, the increase in precipitation would increase the vapor pressure and decrease temperature, and the change in solar radiation can alter energy input of land surface and further impact the temperature. The other uncertainties came from the difference of aridity and drought. The increase in AI can lead to aridification for a long time, but it cannot certainly increase drought. If the precipitation persistently decreases and increases in temperature, it would enhance the actual evapotranspiration (ET a ) [44, 49] and reduce the availability of water resource and might finally increase the probability of drought.
Impacts of Change in Aridity Index on Drought
The two key components of AI, precipitation and ET 0 , varied over recent years. Many studies reported that the precipitation showed a decreasing trend over Southwest China [6, 50] . In this study, the precipitation was found decreased during the period of 1993-2015 (Table 2) , particularly during 2000-2013 (−6.4 mm year −1 , p < 0.05). The abrupt decrease in precipitation favored the intensification, such as severity, duration and extent, of the severe drought event for this area. Fortunately, the precipitation was larger for 2014 and 2015 (Figure 4a ), which could mitigate the drought severity of 2009-2011 [12, [51] [52] [53] .
Moreover, the ET 0 showed an increasing trend at the rate of 3.31 mm year −1 from 1993 to 2015, which indicated that the atmosphere needed more water to meet its evaporative demand [49] . If the precipitation continues to decrease in Southwest China, the climate will be more vulnerable to severe drought. The contribution of ET 0 to the change in AI was greater than that of precipitation (Table 2) , which indicated the ET 0 will exert more effect on aridity trend, especially associating with the increase of ET 0 and temperature in future [42, [54] [55] [56] . Therefore, quantifying the contribution of ET 0 to the change in AI would be benefit for understanding drought change.
Impact of Change in Aridity Index on Water Resource
The Pre and ET 0 , reflecting the availability water and energy, were also crucial variables in hydrological cycles [43, 57] . According to the water balance, the multi-year streamflow R, without considering the water storage change [58, 59] , can be simply estimated by Equation (10):
while the ET a can be calculated by Equation (11) based on the Budyko framework [45, 47, 60] .
ET a = Pre × f (AI) (11) In our study, the decreasing Pre and increasing ET 0 lead to a significant increase in AI during 1993-2015 ( Table 2 ). The increasing AI could further bring much more water evaporated into the atmosphere, and would finally reduce the streamflow in the river and impact the water availability of livelihood and crops. Investigation to the change in AI and the roles of climate variables could thus improve the capability of long-term streamflow forecasting, increase management efficiency of water resource and further guide to drought resistance and disaster reduction. Based on this initial work, ongoing research will expand our work to national scale. Investigating the AI variation in different climate regions (humid, arid, and transition regions) and quantifying the contribution of AI to streamflow will improve the prediction and management to water resource [59] .
Conclusions
In this paper, the variation of the aridity index and the role of climate variables were investigated in Southwest China using the observed climate data from 135 national meteorological stations from 1993 to 2015. The annual AI increased significantly (p < 0.05) at the rate of 0.0053 year −1 , and remarkable changed occurred around 2002. Particularly, about 84% of the 135 meteorological stations showed an increasing trend, and 24% were significant. The obvious increase in the aridity index indicated that Southwest China became drier over the last 20 years, which could impact regional water resources. The partial differential method was used to quantify the contribution of climate variables to the change in aridity index. The mean annual sensitivity coefficients of AI to Pre, T max , T min , ea, U 2 , and R s were −1.00, 1.11, 0.19, −0.56, 0.10, and 0.33, respectively, which indicated that the aridity index was most sensitivity to T max , followed by Pre, ea, R s , T min , and U 2 . The contribution of Pre, T max , T min , ea, U 2 , and R s to the change in AI were 0.0021, 0.0019, 0.0004, 0.0001, 0.0003, and 0.0003, respectively. The combined contribution of six climate variables to AI is 0.0051. The increase in air temperature, which contributed to about 45% of the increase in the aridity index, was the dominant variable determining AI trends in Southwest China from 1993 to 2015. Relative to precipitation, the ET 0 (57% contribution) played a more important role than precipitation (39% contribution) in dominating the trend in AI, which could potentially amplify drought duration and intensity.
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Notations
AI
aridity index. ET 0 potential evapotranspiration(mm). Pre precipitation (mm). ET pan pan evaporation (mm). T max , T min , T a daily maximum, minimum and air temperature ( • C). T max,k , T min,k daily maximum, minimum in kelvin temperature ( • C). es, ea saturation and actual vapor pressure (kPa). U 2 wind speed at 2 m (m s −1 ). P c corrected precipitation. 
